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Abstract This paper presents a data-driven modeling
technique used to build a multi-sampling-rate RBF-ARX
(MSR-RBF-ARX) model for capturing and quantifying
global nonlinear characteristics of the head and tail stage
drying process of a cylinder-type cut tobacco drier. In order
to take full account of influence of the input variables to
outlet cut tobacco moisture content in whole drying pro-
cess, and meanwhile, to avoid orders of the model too
large, this paper designs a special MSR-RBF-ARX model
structure that incorporates the advantages of parametric
model and nonparametric model in nonlinear dynamics
description for the process. Considering this industrial
process identification problem, a hybrid optimization
algorithm is proposed to identify the MSR-RBF-ARX
model using the multi-segment historical data set in dif-
ferent seasons and working conditions. To obtain better
long-term forecasting performance of the model, a long-
term forecasting performance index is introduced in the
algorithm. To accelerate the computational convergence, in
the hybrid algorithm, one-step predictive errors of the
model are minimized first to get a set of the model
parameters that are just used as the model initial
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parameters, and then, the model parameters are further
optimized by minimizing long-term forecasting errors of
the model. Based on the estimated model, a set of optimal
setting curves of the input variables are obtained by opti-
mizing parameters of the designed input variable models.
The effectiveness of the proposed modeling and setting
control strategy for the process are demonstrated by sim-
ulation studies.

Keywords Cubic-RBF-ARX model - Cut tobacco drying
process - Optimal setting control - Optimization method

1 Introduction

Cut tobacco drying process is the most important part of
cigarette producing process [1, 2]. The moisture content of
dried cut tobacco will directly affect final cigarette quality.
The main function of a cut tobacco dryer is to make the
moisture content of dried cut tobacco be controlled in a
certain range, so as to satisfy the technical requirements.
According to the production process and technology, the
drying process of a cylinder-type cut tobacco dryer can be
divided into three stages: head, middle and tail stages. This
paper mainly studies modeling and control problems in
head and tail stage drying process of a cylinder-type cut
tobacco dryer using data-driving identification approach.
Control in head and tail stage of the cut tobacco drying
process is very difficult, because this process is multivari-
able, overactuated, strong coupling, large time delay and
lack of important measuring variable, i.e., outlet or inlet cut
tobacco moisture content in head or tail dying process, this
means that the general feedback control approaches are not
able to be used to the process control. At present, the main
way is manual setting control by experience [3], or using
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setting control of some process variables based on a the-
oretical model [4, 5], which was built on the basis of heat
and mass balance of the materials in the drying process.
Usually, the control performance is not good, and it results
in lots of over-dried cut tobacco in the process due to
inaccuracy of the model [6]. Spraying water in these two
stages may reduce over-dried cut tobacco, but actually it
can only make surface moisture of outlet cut tobacco
enlarge while does nothing to improve inner quality of cut
tobacco. In addition, it also adds difficulty to control of the
drying process.

Theoretical model is usually very complicated, although
it may be precise [7]. Some methods were proposed to
approximate the nature behavior of a nonlinear system in
the literature. The most common way is to build a sim-
plified model of system under some assumptions [7]. Even
so, some parameters of the simplified theoretical model
may be still unknown or difficult to be obtained through the
system physical structure. In fact, if the historical data of a
plant can be obtained, it is advisable to apply a data-driving
approach [8] for building an identification model of the
system. Actually, a large number of industrial processes
may be regarded as systems having time-varying working-
points and may be locally linearized at each working-point.
As a class of special coefficient-varying regressive models,
the radial basis function neural network-based state-de-
pendent autoregressive model (RBF-ARX) [9] has been
studied in several years. Structure of RBF-ARX model and
its parameters optimization method (SNPOM, structured
nonlinear parameters optimization method) was first pro-
posed in Ref. [9]. As noted by Haggan et al. [10], an
important property of RBF-ARX models, compared with
the most other coefficient-varying models, is that this type
of models incorporated the advantages of the RBF neural
network in function approximation and the state-dependent
autoregressive models (SD-ARX) in nonlinear dynamics
description. Over the past decade, the RBF-ARX modeling
and the model-based control have been studied in nonlinear
NOx decomposition process in a thermal power plant
[10-12], water tank system control [13], ship’s tracking
control [14], magnetic levitation system control [15] and
quadrotor attitude control [16], etc.

This paper presents a data-driven modeling technique that
is used to build a multi-sampling-rate RBF-ARX (MSR-
RBF-ARX) model for capturing and quantifying the global
nonlinear characteristics of the head and tail stage drying
process of a cylinder-type cut tobacco drier. The MSR-RBF-
ARX model is a hybrid model, which incorporates the
advantages of parametric model and nonparametric model in
nonlinear dynamics description. Designing this model is
because in head and tail stages of the cut tobacco drying
process, the cut tobacco that just enters into the dryer actually
has obvious influence on the entire cut tobacco drying
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process. In order to take full account of influence of the input
variables in whole drying process on the outlet cut tobacco
moisture content and, meanwhile, to avoid orders of the
model too large, this paper, for the first time, separately
designs a MSR-RBF-ARX model structure for modeling the
head or tail drying process. Through comparison of several
model structures, it is verified that the MSR-RBF-ARX
model with Cubic function-type base function, namely
MSR-Cubic-RBF-ARX model can better represent global
characteristics of the head or tail stage drying process.

Considering this special industrial process identification
problem, the multi-segment historical data set in different
seasons and working conditions is used as identification
data of the drying process models, and a hybrid opti-
mization algorithm is designed to identify the MSR-Cubic-
RBF-ARX model using multi-segment historical data. In
order to obtain better long-term forecasting performance of
the model, a long-term forecasting performance index is
introduced in the algorithm. To accelerate the computa-
tional convergence, in the hybrid algorithm, one-step pre-
dictive errors of the MSR-Cubic-RBF-ARX model are
minimized first to get a set of the model parameters that are
just used as the model initial parameters, and then, the
model parameters are further optimized by minimizing
long-term forecasting errors of the model. The purpose of
modeling the drying process is to design a set of optimal
setting variables of the process to make over-dried cut
tobacco in the head and tail drying process as few as
possible. To this end, we designed a double-S-type curve as
basic structure of some process variables, and based on the
estimated MSR-Cubic-RBF-ARX model, a set of optimal
setting curves of the input variables are obtained by opti-
mizing parameters of the setting variable curves. The
effectiveness of the proposed modeling and setting control
strategy are demonstrated by simulation studies.

2 Cut tobacco drying process modeling by MSR-
Cubic-RBF-ARX model

Structure diagram of a typical cylinder-type cut tobacco
dryer is depicted in Fig. 1. In a drying process, the head
stage starts when the inlet cut tobacco flow is first detected
and ends till the moisture content of outlet cut tobacco can
be measured. The process after the head stage is a long
time middle stage. After the middle stage, the tail stage
begins when the inlet cut tobacco flow changes from a
normal value to zero.

From Fig. 1, one can see that the inlet cut tobacco flow
uy (kg/h) can be detected before cut tobacco enters the
dryer. After the time of 7, cut tobacco arrives at measuring
point of the inlet cut tobacco moisture content us (%) and,
then, goes into the cylinder after the time of 7,. After the
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Fig. 1 Structure diagram of
cylinder-type cut tobacco dryer
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time of T3, the dried cut tobacco goes out of the cylinder
and the moisture content of outlet cut tobacco y (%) can be
detected. This process will take a long period from where
the inlet cut tobacco flow uy is first detected to where the
outlet cut tobacco moisture content y can be first measured.
For the dryer studied in this paper, the processing time is
about 5 min. The other main variables affecting the drying
process are the moisture exhaust opening u; (%), the hot air
temperature u, (°C), the cylinder temperature u3 (°C) and
the cylinder motor frequency ug (Hz).

In head stage of the drying process, cut tobacco entering
the dryer keeps increasing while there is no measuring
value of outlet cut tobacco, so one cannot use feedback
control approach to the outlet cut tobacco moisture content.
In tail stage of the drying process, there is no inlet cut
tobacco flow, and the drying cylinder has a large heat
capacity that results in slow decline of temperature of the
drying cylinder. Therefore, as mentioned before, existing
control methods may be not satisfactory and easily lead to
lots of over-dried cut tobacco in head and tail drying pro-
cess. In this section, a multi-sampling-rate Cubic-RBF-
ARX (MSR-Cubic-RBF-ARX) modeling method is pro-
posed to represent the dynamic behavior of the head and
tail stage processes separately, and the model-based opti-
mal setting control strategy is then designed to control the
two stage processes in Sect. 3.

2.1 Construction of MSR-Cubic-RBF-ARX model

Consider a multivariable nonlinear and non-stationary
system, which can be represented by the following discrete
time nonlinear ARX model:

y(t) :f(y(t - 1)7 .. "y(t - ka)v
+&(1)

u(t—1),...,u(t —ky))

(1)

where y(t) € ®" denotes the output, u(t) € R denotes the
input and {&(r) € R"} denotes the white noise sequence
with zero mean; f(-) denotes a nonlinear structure; k, and

outlet cut tobacco ()

: Thot air
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> »!
o
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k, denote the corresponding orders. Actually, a large
number of industrial processes may be regarded as systems
having time-varying working-points [9]. In this situation,
the state-dependent ARX model [17] may be adapted to
approximate the nonlinear structure f(-) in (1), and it yields

ka

Y1) = dow(t = 1)) + > by, (w(t — 1)y(t — i)
i=1
+ Zd)m

where ¢o(w(r—1)), ¢y;(w(t—1)) and ¢, ;(w(t —1))
are the state-dependent regressive coefficient matrices of
suitable dimensions. w(r — 1) is regarded as the working-
point variable which has a direct or indirect relationship
with the system input or output. If RBF neural networks are
selected to approximate the regressive coefficient matrices
of model (2), the RBF-ARX model thus can be derived [9],
which is rewritten as

Ju(t — i) + <(1) (2)

kp

y(t) = aos- 1+Za,, (=) +Zb,, wu(t—1) + &(1),
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where a1, {a,-,,,1|i = 1,2, .. .,ka} and {b,',l,1|l. =
1,2,...,ky} are the nonlinear regressive coefficient matri-
ces and vary with the working-point w(r —1); ¢(-) is
nonlinear base function; k,, k;,, m and d are the corre-

sponding model orders; {c%,cfk|k:0,1,..., m;, i=
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k) and {c;fk\kzo,l,...,m; i:l,...,k,,} are

{dlk=1,

..,m; j=y,u} are the RBF neural network centers; |||,
means 2-norm matrix; &(¢) is the modeling error, assuming
as Gauss white noise. It is natural to interpret model (3) as
a globally nonlinear model in which the evolution of the
system is governed by a set of nonlinear regressive coef-
ficient matrices {a;;—1, bi;—1}, and a local mean ag,—

the linear weighting coefficient matrices;

varying with the ‘working-point’ of the system. There have
been many reports where researches have applied the RBF-
ARX modeling to various types of nonlinear systems
[11, 13-16]. However, the majority of these researches
used Gaussian base function to approximate the state-de-
pendent coefficients of the RBF-ARX model. This may be
appropriate in some cases; however, this may not always be
optimal in other cases.

In this paper, based on the above RBF-ARX modeling
technology and considering the particularities of the head
and tail stages in the drying process, an efficient multi-
sampling-rate RBF-ARX (MSR-RBF-ARX) model struc-
ture is designed for modeling the dynamic characteristics
of the two stages separately. The MSR-RBF-ARX model is
a kind of hybrid model, which incorporates the advantages
of parametric model and nonparametric model in nonlinear
dynamics description. The potential base function for the
MSR-RBF-ARX model of the head and tail process con-
sidered here includes Gauss, Cubic and Multiquadratic
base functions [18]. Through comparison of several model

i e
W<t_1)_zk )

, n : Tk

a?,t—l _Ciy,'o"‘zcivfk( wh(t—l)—z“,‘! 5
1
1

[SS]

wh(t—1) — z¢
u%(t—d’;)r J— kll
us(t —d") ¢ o
T =|T/T), Ty=|T5/(T k)]

2

moisture exhaust opening, the hot air temperature and the
cylinder driving motor frequency etc. Especially in the
head and tail stages, the cut tobacco that just enters into the
cylinder actually has obvious influence on the entire cut
tobacco drying process. In order to take full account of
influence of the input variables in whole drying process on
the outlet cut tobacco moisture content and, meanwhile, to
avoid the orders of the regressive variables too large, this
paper separately designed the MSR-RBF-ARX model
structures for modeling the head and tail drying process.

2.1.1 MSR-Cubic-RBF-ARX model of head stage process

The head stage drying process starts when the cut tobacco
flow jumps from zero to a value and ends till the moisture
content of outlet cut tobacco can be measured. The multi-
sampling-rate  Cubic-RBF-ARX model structure is
designed as follows:

kh
y( —aOtl—i—Zally t—l—i—th lult—l Th)
k/x
Z i ll/tz t—z Th +be’? 1”3 t—l Th)

kh

be;‘ (e —Th—Th —i-TP) +be1§ ol
i=1

AT
(4)

3
h ) 5=1,2,3,4,5; )

structures, it is verified that the multi-sampling-rate RBF-
ARX model with Cubic function-type base function (MSR-
Cubic-RBF-ARX) can better represent the global charac-
teristics of the head or tail stage drying process.

In the drying process, to dry cut tobacco in the cylinder
needs a long time (about 5 min), and the moisture content
of outlet cut tobacco depends on the inlet cut tobacco flow
and moisture content, the cylinder temperature, the
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where y"(t) is the moisture content of outlet cut tobacco in
the head stage; u/i(r) (6 = 1,2,3,4,5) are the input vari-
ables, which are the moisture exhaust opening u; (%), the
hot air temperature u, (°C), the cylinder temperature u3
(°C), the inlet cut tobacco flow uy (kg/h) and the moisture
content of inlet cut tobacco us (%) in the head stage,

{abili=1, Kt}

respectively; a’é.r_ 1 and
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{b{{fﬁlﬁ =1,...,kl; 5=1,2,3,4,5} are the nonlinear
regressive coefficient matrices varying with the working-
point w"(z — 1); Considering the dynamic characteristics of
the head stage drying process, this paper takes the inlet cut
tobacco flow u4 and the moisture content of inlet cut tobacco
us as the working-point state; K, k!, m" and d" are the orders

of the model; {c;ﬁ”,c{'uk:o,l, mh i=1, Lk

u'
and  {cile=01,..m" i= 1.k 6=
1,2,3,4,5} are the linear weighting coefficient matrices;
il j2
{chjg?Z;c‘,g|k:15"'amh; g=1,...,dh} are

the RBF neutral network centers; éh (¢) is the modeling error,
assuming as the Gauss white noise; 7 is the sample period of
the drying process; Tf’ and Té‘ are the available time delay of

j=y"u"

head stage drying process; Té’ is the duration time step of the
cut tobacco in the cylinder during the head stage drying
process; |-| in (5) means rounded down integer arithmetic.
As shown in model (4), the sampling period of the input
|T5/(T - k}') | times of sam-
pling period of the output variable y"(t).

variables in the model is T(} =

2.1.2 MSR-Cubic-RBF-ARX model of tail stage process

When the inlet cut tobacco flow changes from a normal
value to zero, the tail stage drying process starts, and in this
stage, there is no inlet cut tobacco flow measuring signal.
The multi-sampling-rate Cubic-RBF-ARX model structure
of the tail stage is designed as follows:

n=ag,_ I—|—Za1t e(r—i) —|—Zb Iu. t—l Te)

+Zbg luz l—l T“ +Zb” ]ug t—l Te)

) (©)
+Zb,, g (t=T; = T5 —i-T) +Zb” U

i=1

X (t—T5—i-Tf) +be§ (1 —i-Tg) + &(1)

m° 3
=+ £ ([we-n-2).
oom .13
i = AN
k=1

3
2

e e ey 1T ) j, 1
We@_n:[“g(’—” ot PSR

= LTI/ijTS =

e

|T2/T |, T§ = |T5/(T - k5)].

), 5=1,2,3,4,5,6;

where y°(¢) is the output that is the moisture content of outlet
cut tobacco in the tail stage; u§(r) (6 = 1,2,3,4,5,6) are the
input variables, namely the moisture exhaust opening u; (%),
the hot air temperature u, (°C), the cylinder temperature u3
(°C), the inlet cut tobacco flow u4 (kg/h), the moisture con-
tent of inlet cut tobacco us (%) and the cylinder motor fre-
quency ug (Hz) in the tail stage, respectively; aj, i,

{a;,,1|i: L...,k;’} and {bfj,lﬁ =1,k 6=
1,2,3,4,5,6} are the nonlinear regressive coefficient
matrices varying with the working-point w*(¢t — 1); Con-
sidering the dynamic characteristics of the tail stage, this
paper takes the hot air temperature u, and the cylinder motor
frequency u¢ as the working-point state variable; k¢, ki, m®

> Nao

and d° are the orders of the model; {ck,ci’k| k=

0,1,..,m i=1,...k and {c§§;|k:0,1,...,me; i

=1,..,kj; 0=1,2,3,4,56} are the linear weighting
coefficient matrices; {z’k;, z;fg|k =1,...,m° j=),
u’; g=1,...,d°} are the RBF neutral network centers;

&(t) is the modeling error, assuming as the Gauss white
noise; 7 is the sample period of the drying process; 77 and 75
are the available time delay of the tail stage drying process;
T% is the duration time step of the cut tobacco in the cylinder
during the tail stage drying process; | -] in (7) means rounded
down integer arithmetic; Similar to model (4) of the head
stage, in MSR-Cubic-RBF-ARX model (6) of the tail stage,
the sampling period of input variables is T§ = |T3/(T - k)|
times of sampling period of the output variable y° (7).

2.2 Hybrid optimization algorithm for estimation
of MSR-Cubic-RBF-ARX model

Identification of a RBF-ARX model includes estimating
structure and parameters of the model. In the previous
work, the structured nonlinear parameter optimization
method (SNPOM) [9, 11] was proposed to identify all
parameters of a RBF-ARX model by minimizing one-step-
ahead predictive errors of the model. The SNPOM

@ Springer
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estimates the model’s nonlinear and linear parameters
iteratively and separately, which uses the Levenberg—
Marquardt method (LMM) to estimate the nonlinear
parameters and uses the Least-Squares method (LSM) to
estimate the linear parameters. Based on this idea, some
other training algorithms, such as a global-local opti-
mization approach [19, 20], a variable projection approach
[21, 22] also applied to estimate parameters of RBF-ARX
models. Compared with general non-structured estimation
methods, the SNPOM converges faster and more flexible,
especially for the models whose number of linear param-
eters is much more than that of nonlinear parameters.

Following these parameter estimation methods, series
of applications on RBF-ARX modeling have been done in
recent years, including industrial application [10, 11],
model-based predictive controller (MPC) design [13-16]
and nonlinear time series prediction [19-22]. Although
many efforts have been devoted to estimate the RBF-
ARX models, till now, the studies mainly focus on the
systems which are allowed to do identification experi-
ments or easy to obtain the continuously changing iden-
tification data. However, there also exist a lot of actual
industrial processes, which are not allowed to do the
identification experiment in the actual production process
or the dynamic characteristics of the processes strongly
depend on the environment or working conditions. For
this class of systems, such as the cut tobacco drying
process, the historical data of once operation is not suf-
ficient to contain the global dynamic characteristics of the
process.

In this paper, considering this special industrial process
identification problem, the multi-segment historical data
set in different seasons and working conditions is used as
identification data of the drying process models, and a
hybrid optimization algorithm is designed to identify the
MSR-Cubic-RBF-ARX model using the multi-segment
historical data. To make the model have better long-term
predictive capability to the head and tail stage drying
process so as to achieve optimal setting control, a long-
term forecasting performance index is introduced in the
hybrid algorithm. As regards the convergence rate of the
hybrid algorithm, a fundamental issue is a proper choice of
the initial model parameters, which may make the opti-
mization process quickly convergent. To accelerate the
computational convergence, in the hybrid algorithm, we
first minimize one-step predictive errors of the model to
estimate the MSR-Cubic-RBF-ARX model parameters,
which are only used as the model initial parameters, and
then, we further optimize the model parameters by mini-
mizing long-term forecasting errors of the model. This
approach may significantly improve the optimization con-
vergence rate, especially for the MSR-Cubic-RBF-ARX
model, which has more linear parameters and fewer
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nonlinear parameters. The hybrid optimization process is
given as follows.
Without loss of generality, the parameters of RBF-ARX

model (3) can be divided into the linear parameters 0, =
{c-};,c{k:izl,...,ka; cei=1,.0 k) k:O,l,...,m} and

nonlinear parameters ON:{zﬁk: 1,...,m; j:y,u}, and it
is true to MSR-Cubic-RBF-ARX model (4) or (6). Taking
the head stage process for example, the parameters of
MSR-Cubic-RBF-ARX model (4) can be also divided into

h h ul
the linear parameters Gﬁz{cykl,c;‘/k:izl,...,kz; gl =
1okl [k=0,1,....m" 6=1,2,3,4,5} and

parameters 97\,:{41&,,43 k=1,...m"; j=y"u"; g=

nonlinear

L...,dh}. Then, model (3), (4) or (6) can be rewritten in

the following form:

y(t) = f(Or, On, w(t — 1))" + &(1) (8)
or
y(t) = @Oy, w(t — 1))70, + (1) 9)

Model (9) is the linear regression form of model (8) with
respect to 0.

1. Modified SNPOM (M-SNPOM) algorithm

For making use of M-segment identification data, first, a
modified SNPOM minimizing one-step-ahead predictive
errors of the model is utilized to estimate the RBF-ARX
model’s parameters that will be used as the initial param-
eters of the model for further optimization. Objective
function of the M-SNPOM is to take the sum of squares of
the model one-step predictive residuals for M-segment
identification data as follows:

M

Viow.00) 2 > (5170w, 001

p=1

(10)

W(r+ 1) =y (e +1)
W(r+2t+1) =3 (e +2)
F7(0y,0,) = :

)A’p(np|”p —1)—3(n,)
ky ky
W+ 1) = al 37 (t+1—i)+ >0} (t+1—i) +df,
i=1 i=1

= (/)(GN,WP(I— 1))T9L,
p=1,...M.

(11)

where {(r+1t)[tr=1,7+1,...,n,— 1} is the RBF-ARX
model (3)-based one-step-ahead prediction output for the
pth-segment measured data; {yp(j),wp(j) ‘j =1,2,.. .,n,,} is
the measured data in the pth-segment identification data set;
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T =max(k,,kp) is the largest time lag of variables in model
(3); n,, is the number of the pth-segment identification data.
Optimization problem of the M-SNPOM is to compute

(ém éL) = arg min V(6y,0) (12)

In the M-SNPOM, the optimization calculation centers on
the search for Of\,“ at the kth iteration step, followed by the
immediately update of the linear parameters (-)'2“ using the
LSM as follows:where {y”|p = 1, ..., M} is the pth-segment
historical data; R(8%™")" is the pseudo-inverse of R(05™),
which can be calculated using the singular value decompo-
sition (SVD) for overcoming the ill-conditioned problems.

V(0. 0)—V (6,6 ) <z (17)
where ¢ is a given small positive number.

2. Modified-LMM (M-LMM) algorithm

After getting the initial parameters of model (3) by M-
SNPOM, the model parameters are further optimized by
minimizing long-term forecasting errors of the model
using the M-LMM based on multi-segment identification
data. Objective function of the M-LMM algorithm is to
take the sum of squares of the model’s long-term fore-
casting residuals for M-segment identification data as
follows.

. The innovative strategy of the nonlinear parameters 9’,‘\, V(0y,0,)2 i <l HFP (O, 9L)H§> (18)
is as follows: =1 2
0" =R(6;")"Y (13)
~1
R(Oy™)" = [R(O5)'R(OF)] R(65)",
e (0 o (03w (@)
l'2 0 - ek-‘rl —p 1
N R RO C R (14)
Vet 1 - T
¥ (6y™) (O (n, — 1))
_ L T, By g _
Y=y, ¥=0"0G+1), ¥(+2),...5(m)),
p=1,...M.
0?\7’1 :ellc\l'f'ﬁkdk (15) )A/p(f+llf)—)7p(f+1>
where dy is the search direction and k denotes the iteration F(0y,0,) — V(e +2[t) =3 (r+2)
step; B is the scalar step length parameter which reduces N EL : ’ (19)
the distance to its minimum. In order to improve the W (n,)t) — 3 (n,)
robustness of the optimization process, based on the LMM p=1,...M.

algorithm, d; in Eq. (15) can be obtained from a solution of
the set of linear equations:

[J(0}) T (0) + 7dld, = —J(05) "F (0}, 6}),
F(0},,0}) = (F'(05,0f),F*(6,0),....,F"(05,0f))".
(16)

where J(05) is the Jacobian matrix of F(8f,, 0 ) with respect
to (-)';,, and the scalar y, can be used to control both the
direction and the magnitude of d;. When 7, tends to infinity,
the search direction d; will tend toward the steepest descent
direction. As 7, tends to zero, the search direction d;, will tend
toward the Gauss—Newton direction. f3, in Eq. (15) is then
calculated by a line search procedure, such as the mixed
polynomial interpolation or extrapolation method.
The optimization termination condition is

where {)31’(‘5 +j\r)‘j =1,2,...,n, — r} is the model (3)-
based j(j = 1,2,...,n; — 1)-step-ahead prediction of output
for the pth-segment measured data at time 7.

From model (3), one can obtain the one-step-ahead
prediction output y*(t 4 1|7) at time 7 as follows

k,
Y(t+ 1) = ap. +

i=1

a YW (t+1-i)

k

+Y Bt 1) (20)

i=1

and the j(j = 1,2,...,n; — 7)-step-ahead predictive out-
put y'(t+j|t) can be also derived from model (3) as
follows

@ Springer
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K

(T+]| ) Or+1 I\T+Z i, T4+j— l\r T+J—l| )
i=1
kn
Z i, THj— 1|r T+-]_l) (21)
=1
where
W+j—it) =y (+j—1),j<i
e =+ o (I 7~ 110 - ).
k=1

=3l,).
7) _ZIL:Hz)'

(22)

m
“ﬁwjﬂ\r:d:o + Z C}Y,k‘/’(HW(T +j— 1)
=1

m
bﬁwjﬂ\zzci’fo + Z c;fk(p<|‘vfz”(r +j—1
k=1

Optimization problem of the M-LMM algorithm is to
compute

(éN, éL) = arg (I)nien V(0y,0r) (23)

and the parameters Oy and 0, of the RBF-ARX model are
optimized by using the LMM algorithm [24] starting the
initial parameters estimated by the M-SNPOM. Optimiza-
tion termination condition in the M-LMM is

V(0y,07) — V(0y. 0 ) <o (24)

where ¢ is a given small positive number.

There are some criterions that may be used to determine
orders of the RBF-ARX models, such as Akaike informa-
tion criterion (AIC) and Akaike Final Prediction Error
(AFPE) [23]. In this paper, we use the AIC value as
evaluation standard [9] to determine the RBF-ARX model
orders (k,, kp, m and d), and simultaneously the dynamic
characteristics of step response of the estimated model are
also synthetically considered for finally obtaining a suit-
able model. By repetitively training the RBF-ARX model
with different orders, the finally selected model should
have small AIC value and well dynamic response
characteristics.

3 MSR-Cubic-RBF-ARX model-based optimal
setting control

After getting a proper MSR-Cubic-RBF-ARX model that
has good long-term pretictive accuracy for the head or tail
stage drying process, we can design a set of optimal setting
variables to the drying process on the basis of the model to
make over-dried cut tobacco in the head and tail stages of
the drying process as few as possible. Considering the
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different process property of the head stage and tail stage
drying processes and the actual manual control experience,
this paper designed different type of function curve as basic
structure of the process variables, and based on the esti-
mated process models, a set of optimal setting variables are
obtained by optimizing parameters of the setting variable
curves in this section.

3.1 Optimal setting control in head stage drying
process

The input variables requiring optimal setting in the head
drying stage are: the moisture exhaust opening, the hot air
temperature, the cylinder temperature and the inlet cut
tobacco flow, to make the outlet cut tobacco moisture
content can rise to the set value as quick as possible, and
the over-dried cut tobacco can be reduced as much as
possible. Gradient of middle part of the S-type function is
the largest, but in the first half process of the head stage the
cut tobacco volume-in-dryer is fewer, so the cylinder
temperature etc. cannot be increased too quickly in the
case; therefore, we designed the double-S-type function as
the optimal setting curves of the moisture exhaust opening,
the hot air temperature and the cylinder temperature and a
T-type function as the inlet cut tobacco flow optimal setting
curve in the head stage. The actual manual operating
experience also verified this design.

The double-S function-type setting curves of the mois-
ture exhaust opening, the hot air temperature and the
cylinder temperature are Df,(t), Dfys(r) and Dfyu (1),
respectively, which are as follows:

1 s

1 A
Dfy(1) = ‘”,2+Ag+%7 i=1,23 (25)

l+e %

l4+e *

where ¢ is the time-point; {A},2}, )i =1,2,3} are
parameters which are used to decide the start point,
switching point and end point of the double-S function-
type curve; {5, Agli = 1,2,3} decide the symmetry axis;
{25, 25]i = 1,2,3} decide the rising or falling speed of the
double-S function-type curve. The T-type function setting
value of the inlet cut tobacco flow is taken as follows:

kit
Lo1<i<h
ky
ki, ka+1<t<ks
Tf (1) = ko — ks)(f — k
) kl*(l )( 3), ks +1<t<k
ks — k3

(26)

where ki, k>, k3, ks,ks are the related parameters of the
T-type function curve.
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By substituting setting curves (25)—(26) into MSR-Cu-
bic-RBF-ARX model (4), one can get the predictive outlet
cut tobacco moisture content value in the head drying stage
as follows

(1) = £ (Dfys Dfy, Dfs Thy) (27)

Error between the predictive outlet cut tobacco moisture
content value (27) and the desired output value y"(z) is
defined as:

e"(1) =y, (1) = ¥"(1) (28)

By minimizing the error using the LMM algorithm [24],
one can find out the optimal parameters

{,1]’1|i:1,2,3; j:l,...,7} and {kJg=1,...,3} in

(25) and (26). This can be done by solving the following
optimization problem using LMM:

M

minJ = 3" (1))’ (29)
%ok =1

where M" is duration time of the head drying stage. The
optimization results are showed in Sect. 4.

3.2 Optimal setting control in tail stage drying
process

The input variables requiring optimal setting in the tail
drying stage are: the moisture exhaust opening, the hot air
temperature, the cylinder temperature and the cylinder
motor frequency, to make the outlet cut tobacco moisture
content can be kept at the set value as long as possible, and
the over-dried cut tobacco can be reduced as much as
possible. In the tail stage, the cut tobacco volume-in-dryer
will decrease to zero, and the cylinder temperature etc.
needs to vary quickly in the case, so the S-type setting
curves are better for the tail stage. The actual manual
operating experience also verified this design. The fol-
lowing S-type function is designed as the optimal setting
curves of the four input variables, which are Sf¢ (1), Sfue (),
Sfus () and Sfie (1), respectively,

X i
ﬁerm i=1,2,3,4. (30)
l+e
where {x;|i —1,2,3,4; j= 1,2,3,4} are the related
parameters of the S-type function curves.

By substituting setting curves (30) into MSR-Cubic-
RBF-ARX model (6), one can get the predictive outlet cut
tobacco moisture content value in the tail drying stage as
follows

5(0) = £ (e St St SF) (31)

Sfuf (1) =

Error between the predictive outlet cut tobacco moisture
content value (31) and the desired output value y¢(z) is
defined as:

e“(1) =y (1) = ¥°(1) (32)

By minimizing the error using the LMM algorithm [24],
one can find out the optimal parameters

{xj’:\i =1,2,3,4;, j=1,2, 3,4} in (30). This can be done

by solving the following optimization problem using
LMM:

ming = 7 (e0)) (33)

where M¢ is the duration time of the tail drying stage. The
optimization results are showed in Sect. 4.

4 Simulation studies

In this section, the proposed MSR-Cubic-RBF-ARX
modeling and setting control strategy are applied to the
head and tail stage drying process of an actual cylinder-
type cut tobacco dryer for simulation studies. Considering
that the outlet cut tobacco moisture content in the drying
process is influenced by many factors such as environment
humidity and temperature, as well as machine working
conditions, the real-time sampled multi-segment historical
data in different seasons and working conditions depicted
in Figs. 2 and 3 are used as identification data of the drying
process model, and then, the proposed hybrid optimization
algorithm is applied to identify the MSR-Cubic-RBF-ARX
models using the multi-segment identification data.

Figure 2 shows 12-segment actual historical data of the
head stage drying process, and the data of each segment last
600 s. The sampling period of the drying process is 1 s, and
there are 7200 sampling data points totally. In this paper, the
first 6-segment historical data are used to train MSR-Cubic-
RBF-ARX model (4) of the head stage drying process, and
the last 6-segment data are used to test the modeling per-
formance. Figure 3 shows 12-segment actual historical data
of the tail stage drying process, and each segment lasts 800 s.
There are 9600 sampling data points totally. The first
6-segment historical data are used to train MSR-Cubic-RBF-
ARX model (6) of the tail stage process, and the last 6-seg-
ment data are used to test the modeling performance.

4.1 MSR-Cubic-RBF-ARX model identification
results

By applying the hybrid optimization algorithm and the
model evaluation standard presented in Sect. 2.2, after

@ Springer
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Fig. 3 Identification data of MSR-Cubic-RBF-ARX model (6) in tail stage drying process

repetitively training and comparison, orders of MSR-Cu-
bic-RBF-ARX models of the cut tobacco drying process
are finally determined as: k" =2, k! =30, m" =2, d" =
4(2,30,2,4) for the head stage, and ki =1, kj =12,
m¢ =2,d°="7(1,12,2,7) for the tail stage. Moreover, the
measurable time delay orders of MSR-Cubic-RBF-ARX
models of the drying process are: Tf’ = 60, Té’ =10, T;’ =
200 for the head stage and 77 = 60, T5; = 120, T5 = 190
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for the tail stage. The corresponding modeling results for
the 6-segment training or testing data are depicted in
Figs. 4 and 5.

It is natural that the ability of multi-step-ahead
forecasting is an important evaluating indicator for
nonlinear system modeling. Figures 4 and 5 show the
actual output (blue line), the multi-step-ahead predicted
output (red line) generated by the estimated MSR-
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Cubic-RBF-ARX model and the multi-step-ahead pre-
dicted errors for the head and tail stages, respectively.
From Figs. 4 and 5, one can see that the output of the
estimated MSR-Cubic-RBF-ARX model is very close to
the actual output, and the long-term prediction errors
are between +2 and —2 only for these quickly varying
data. This demonstrates that the multi-sampling-rate
Cubic-RBF-ARX model identified by the proposed
hybrid optimization algorithm for the head and tail
stage drying process modeling possesses very good
long-term forecasting accuracy.

4.2 MSR-RBF-ARX modeling results with different
base functions

In the modeling, evaluation of various base functions
contributes to selection of optimal structure of the
MSR-RBF-ARX model. In this paper, the potential
base functions used in the MSR-RBF-ARX model for
the head and tail stage drying process modeling
include:

1. Gauss function:

2

o(r) = exp <— 202) c>0, ref (34)
2. Cubic function:

p(r)=r reR. (35)
3. Multiquadratic function:

o(r) =P+ 6>0reR (36)

To fairly compare three types of MSR-RBF-ARX
models with Gauss, Cubic and Multiquadratic base func-
tion, respectively, we use the proposed hybrid optimization
algorithm to estimate their parameters and use the same
way presented in Sect. 2.2 to determine the models orders.
In this paper, we use the mean square error (MSE) that is
the most commonly used relative quality measure to
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Table 1 AIC values and MSE

values of MSR-RBE-ARX Model (ka, ky, m,d) AIC MSE
mode.ls with different base Head stage
function . 4 N
Gaussian-(3,28,2,5) —1.6958 x 10 3.6236 x 10
Cubic-(2,30,2,4) -1.9721 x 10* 3.3343 x 10°
Multiquadratic-(4,24,1,9) —1.5775 x 10* 4.8324 x 10°
Tail stage
Gaussian-(2,15,1,8) —3.0652 x 10* 1.0878 x 10*
Cubic-(1,12,2,7) —-3.1359 x 10* 9.9445 x 10°
Multiquadratic-(4,18,2,7) —3.0031 x 10* 1.8259 x 10*
a b
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Fig. 6 Simulation results of optimal setting control of head stage drying process in different working conditions

statistical models [25] to evaluate the modeling perfor-
mance, which is defined as follows:

L (1) = 5(0))°
N

MSE =

(37)
where y(f) is the actual output and y(z) is the long-term

forecasting output of a model, 7 is the largest time lag of
variables in model; N, is the number of identification data.
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Using the data in Figs. 2 and 3, modeling results of the
MSR-RBF-ARX models with the three types of base
functions above are shown in Table 1.

From Table 1, one can see that the MSR-RBF-ARX
model with Cubic base function produces smaller AIC and
MSE than other two models with other base function no
matter for the head or tail stage drying process modeling. The
results indicate that the multi-sampling-rate RBF-ARX
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model with Cubic base function can better represent the
global characteristics of the head or tail stage drying process.

4.3 Optimal setting control simulation results

Simulation results of optimal setting control of the head
stage drying process in different working conditions based
on the MSR-Cubic-RBF-ARX model estimated in Sect. 4.1
are shown in Fig. 6. The upper four subplots in Fig. 6a—c
show the four input control variables (moisture exhaust
opening, hot air temperature, cylinder temperature and inlet
cut tobacco flow) in the head stage drying process, in which
the blue lines are actual input variables, and the red lines
are optimal setting curves of the input variables by opti-
mization presented in Sect. 3. The bottom subplot of
Fig. 6a—c shows the outlet cut tobacco moisture content, in
which the black line is the desired value, the blue line is the
actual value, the red line is the MSR-Cubic-RBF-ARX
model output under the red optimal setting inputs above
and the pink line shows the long-term predicted outputs
generated by the estimated MSR-Cubic-RBF-ARX model
(4) using the actual input signals.

In optimal setting control of the head stage, the opti-
mization duration time is set as M"=600 s. Finally, the
optimized double-S-type setting functions of moisture
exhaust opening, hot air temperature and cylinder tem-
perature in Fig. 6a are Sf,;(f) = —2 4 30+ —g ’.’50’

l+e T97 14e
St (t) =%+101.1799 and  Sf; (1) = g+
+e +e
l30+ 2 = respectively. The optimized T-type setting

functlon of 1nlet cut tobacco flow in Fig. 6a is

4600, 1<1<60
Tf.s (1) = 4 4600 — %7_60), 61<r<94  (38)
4400, 95 <1< 600

In Fig. 6b, the optimized double-S-type setting func-
tions are Sfu“ (t) = 20—725 + 3O+ 2?7375’ Sfu; (t) =
I+e +e
%Jr 108.55 and Sfu (1) = r TLon + 130+ r — s,
14e 262348 I+e +e 20
respectively. The optimized T-type setting flll‘lCthl‘l in

Fig. 6b is

5500, 1<r<64
t— 64
Tfui(’) =< 5500 — W’ 65<t<97 (39)
4600, 98 <r <600

In Fig. 6c, the optimized double-S-type setting functions

are Sfu‘(ﬁ:% +29.5887+ 180?]325’ Sy (1) =
71+0?§§2§4m+108.8 and Sﬁ,}():lfﬁﬁ% +129.5885+
e e

_10.5621_

s, respectively. The optimized T-type setting func-
I+e 20

tion in Fig. 6¢ is

5800t
—~ 1<r<8
Th (1) = 5800, S 9<1<58 (40)
5800 ~ = . 59<1<91
4600, 92 <1< 600

From Fig. 6a—c, one can see that the rising speed of the
optimized outlet cut tobacco moisture content is fast and
has small overshoot on the basis of the Cubic-RBF-ARX
model (4) with the double-S-type function and T-type
function optimal setting inputs. It means that the over-dried
cut tobacco in the head stage drying process will be greatly
reduced. One can also see that the long-term predicted
outputs of the Cubic-RBF-ARX models under the action of
actual inputs are very close to the actual moisture content
of outlet cut tobacco. This also indicates the good modeling
accuracy of the Cubic-RBF-ARX model (4) to the head
stage drying process.

Simulation results of optimal setting control of the tail
stage drying process in different working conditions are
shown in Fig. 7. The upper four subplots in Fig. 7a—c show
the four input control variables (moisture exhaust opening,
hot air temperature, cylinder temperature and cylinder
motor frequency) in the tail stage process, in which the
blue lines are actual input variables, and the red lines are
optimal setting curves of the input variables by optimiza-
tion presented in Sect. 3. The bottom subplot of Fig. 7a—
shows the outlet cut tobacco moisture content, in which the
black line is the desired value, the blue line is the actual
value, the red line is the MSR-Cubic-RBF-ARX model
output under the red optimal setting inputs above and the
pink line shows the long-term predicted outputs generated
by the estimated MSR-Cubic-RBF-ARX model (6) using
the actual input signals.

In Fig. 7a—c, the former 320 s signals show actual data
of the middle stage drying process, after that optimal set-
ting control of the tail stage process starts. The optimiza-
tion duration time of the tail stage process is set as
M?¢ = 480 s, and the maximum limit of the cylinder motor
frequency is set as 44 (Hz). The optimized S-type setting
functions of the moisture exhaust opening, hot air tem-
perature, cylinder temperature and cylinder motor fre-

Sfu()_ +[3UO+10
Sfug(t) = =Pz + 1189 and
1+e

quency in  Fig. 7a are

Sfu" (t) = 31'71;71 +79,
+

Sfu ( ) -
+

mized S-type settmg functions are Sf,. (1) = w + 10,

I+e

Sfuz( ) +3? ?404 +79 1 Sfu ( ) = +3/5 13748 + 119 and

Sfu ( ) -
I+e

, —om + 30, respectively. In Fig. 7b, the opti-

,;4;8+30 respectively. In Fig. 7c, the
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Fig. 7 Simulation results of optimal setting control of tail stage drying process in different working conditions

optimized S-type setting functions are
Sfuc (1) = —Eoz5 + 10, Sfie (1) = 2o+ 78.5, Sfie (1) =
I+e ;

1—125.6 1=319.3
1+4e 2977 546

—30%7 4+ 118 and Sfye (1) =
e 659

—14 -+ 30, respectively.
1+ e T30

+e
From Fig. 7a—c, it is clear that decline of the optimized

outlet cut tobacco moisture content is largely deferred on
the basis of Cubic-RBF-ARX model (6) with the S func-
tion-type optimal setting input curves. It means that the
over-dried cut tobacco in the tail stage process can be
greatly reduced. One can also see that the long-term pre-
dicted outputs of the Cubic-RBF-ARX models under the
action of actual inputs are very close to the actual moisture
content of outlet cut tobacco. This also indicates the good
modeling accuracy of the Cubic-RBF-ARX model (6) to
the tail stage drying process.

From the results in Figs. 6 and 7, it is verified that the
optimal setting curves of input variables based on Cubic-
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RBF-ARX model can make the outlet moisture content in
the head stage more rapidly rise and reach the stable state
and can make the outlet moisture content in the tail stage
decline more slowly. Thus, over-dried cut tobacco in the
head and tail stages can be greatly reduced using the pro-
posed modeling and optimal setting control method.

5 Conclusions

Considering actual characteristics of the drying process of
a cylinder-type cut tobacco dryer, a MSR-RBF-ARX
model structure was designed and utilized for representing
dynamic behavior of the head or tail stage drying process.
Through comparison of several model structures, it was
verified that the MSR-RBF-ARX model with Cubic func-
tion-type base function can better represent the global
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characteristics of the head or tail stage drying process. For
this special industrial process identification problem, the
multi-segment historical data set in different seasons and
working conditions were suitable to be used as identifica-
tion data of the drying process models. A hybrid opti-
mization algorithm was designed to identify the MSR-
RBF-ARX model using multi-segment historical data. The
modeling results indicated that the multi-sampling-rate
Cubic-RBF-ARX models of the head and tail stage pro-
cesses, which were identified by the hybrid optimization
algorithm, achieved very good long-term forecasting
accuracy. Based on the estimated MSR-Cubic-RBF-ARX
model, sets of optimal setting input variables could be
designed to implement optimal head or tail stage drying
process control. Simulation results showed that the MSR-
Cubic-RBF-ARX modeling and setting control strategy
could make the outlet cut tobacco moisture content in head
stage drying process quickly increase and reach stable state
and also could make that in the tail stage drying process
decrease more slowly. Thus, over-dried cut tobacco in the
head and tail stage drying process could be greatly reduced.
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